• Identified two new variables indicating instream E. coli levels • Found three critical processes driving the E. coli fate and transport in watersheds • Built a PLS regression model that can predict hazardous E. coli levels well • Provided suggestions for management practices to reduce instream E. coli Escherichia coli (E. coli) level in streams is a public health indicator. Therefore, being able to explain why E. coli levels are sometimes high and sometimes low is important. Using citizen science data from Fall Creek in central NY we found that complementarily using principal component analysis (PCA) and partial least squares (PLS) regression provided insights into the drivers of E. coli and a mechanism for predicting E. coli levels, respectively. We found that stormwater, temperature/season and shallow subsurface flow are the three dominant processes driving the fate and transport of E. coli. PLS regression modeling provided very good predictions under stormwater conditions (R 2 = 0.85 for log (E. coli concentration) and R 2 = 0.90 for log (E. coli loading)); predictions under baseflow conditions were less robust. But, in our case, both E. coli concentration and E. coli loading were significantly higher under stormwater condition, so it is probably more important to predict high-flow E. coli hazards than low-flow conditions. Besides previously reported good indicators of in-stream E. coli level, nitrate-/nitritenitrogen and soluble reactive phosphorus were also found to be good indicators of in-stream E. coli levels. These findings suggest management practices to reduce E. coli concentrations and loads in-streams and, eventually, reduce the risk of waterborne disease outbreak.
Introduction
Pathogens in surface waters raise a serious international concern (Ahmed et al., 2009; Ferguson et al., 2003; Hofstra, 2011; Marcheggiani et al., 2015; Oliver et al., 2005; Schets et al., 2008;  Science of the Total Environment 635 (2018) 
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Science of the Total Environment j o u r n a l h o m e p a g e : w w w . e l s e v i e r . c o m / l o c a t e / s c i t o t e n v Schriewer et al., 2010; Wilkes et al., 2013) . Escherichia coli (E. coli) is a commonly used indicator organism for pathogens in freshwater (Brooks et al., 2013; Dwivedi et al., 2013; Vidon et al., 2008) . Understanding the factors controlling instream E. coli levels is critical to developing strategies to reduce disease risks due to contaminated drinking and recreational waters. Spatially distributed watershed models, for example, Soil and Water Assessment Tool (SWAT), requires a lot of spatially distributed information, much of which is not readily available, e.g., field management schedules such as manure spreading, wildlife populations, and septic system distribution (Baffaut and Sadeghi, 2010; Benham et al., 2006; Cho et al., 2012; Frey et al., 2013) . Frey et al. (2013) needed to combine SWAT with host-associated bacteroidales marker to predict the presence and absence of pathogen well. However, microbial source tracking data are sparse and hard to obtain. Cho et al. (2012) needed to modify SWAT model to include solar radiation intensity and beaver activity to predict fecal coliform concentrations in a forest dominated watershed. Walker and Stedinger (1999) required information on manure "freshness," in addition to land use distributions, to adequately model pathogen concentrations.
Our work is focused on instream predictors of E. coli, therefore spatially distributed watershed models are not necessary for our purpose. Climatic/meteorological, hydrological, and water quality factors have all been shown to affect concentrations and/or loadings of E. coli in streams. Whitman et al. (2008) found that sunlight, season, snowmelt, and storms can influence in-stream. Vidon et al. (2008) stated that stream flow conditions (high-flow vs. baseflow), discharge, precipitation (especially seven day antecedent precipitation), turbidity, location (i.e. headwater or lower reaches) and temperature all showed significant correlations with either concentrations or loadings of E. coli in streams. Dwivedi et al. (2013) investigated the correlation between 13 water quality factors with E. coli loading and concluded that dissolved oxygen, phosphate, ammonia, chlorophyll, suspended solids, and temperature, were most correlated. Diurnal variability (Meays et al., 2006) and dissolved carbon dioxide (Gray, 1975) have also been found to be relevant.
However, current models that do not require much spatially distributed information cannot both predict and explain E. coli concentrations and loadings well. Artificial neural network models predict E. coli level well (Basant et al., 2010; Dwivedi et al., 2013) , but these types of analyses do not clearly elucidate the underlying processes influencing E. coli transport. Statistical models offer some advantages over other approaches in that they do not require full a priori concepts of the sources, sinks, transport processes, etc. (Chen and Chang, 2014) . Unfortunately, multiple linear regression (MLR) models cannot avoid co-linearity (Nevers and Whitman, 2005) , which is common in water quality data. Models like LOADEST estimate constituent loads utilizing only streamflow and time (Dwivedi et al., 2013; Runkel et al., 2004) ; however, as summarized above, E. coli levels depend not only on streamflow, but also on other, perhaps intercorrelated, factors.
Principal component analysis (PCA) is a different statistical tool, which has been successfully used for concentrating the most important information in a dataset (Esbensen et al., 2002) . A few researchers have used it to identify factors correlated to E. coli concentrations in field samples (Bech et al., 2014; Dwivedi et al., 2013) . Dwivedi et al. (2013) used 6 variables in a PCA, and found that the first principal component (PC1) corresponded mostly to physical factors, such as dissolved oxygen and temperature, and the second principal component (PC2) corresponded primarily to chemical and biological factors, including phosphate, ammonia, suspended solids, and chlorophyll. Using PCA, Bech et al. (2014) found that concentrations of leached fecal bacteria from well-structured agricultural field into drainage water were negatively correlated with the number of days after slurry-manure application, which was consistent with the finding of Falbo et al. (2013) . However, contrary to other studies, Bech et al. (2014) found that leached fecal bacteria was negatively-correlated with soil water content and that leached fecal bacteria was not correlated with precipitation.
Partial least squares (PLS) regression is a regression informed by PCA, and is used to build predictive models with highly intercorrelated predictor variables (Esbensen et al., 2002) . Thus, PLS is widely used in water quality modeling (Aguilera et al., 2000; Basant et al., 2010; Ortiz-Estarelles et al., 2001a; Ortiz-Estarelles et al., 2001b; Singh et al., 2007) . Carroll et al. (2009) built PLS regression models to predict the corresponding sinks to confirm or challenge possible source-sink relationships and showed that the E. coli contamination of natural water resources in urban areas are highly correlated with human fecal contamination sources. Brooks et al. (2013) successfully used PLS regression to predict fecal indicator bacteria on Great Lakes beaches using a large suite of possible predictors. Some of these predictors are specific to beaches, like wave height, wind speed and wind direction; some predictors are also applicable to streams, such as turbidity, air temperature, antecedent rainfall (24 h and 48 h), and variables related to season (Julian date and month). Like many other statistical models, PLS regression is not necessarily reliable for revealing the underlying processes controlling the E. coli levels (Brooks et al., 2013) .
However, to our knowledge, no previous studies have used PCA and PLS regression in combination to understand and model concentrations or loadings of E. coli in streams. The objective of this study was to test the applicability of combining PCA and PLS regression to model stream E. coli concentrations and loadings to both predict the E. coli level and provide insights into controlling mechanisms.
Site description and data availability
Fall Creek watershed (Fig. 1) is a 326 km 2 in central upstate New
York that drains into Cayuga Lake, with 41% agricultural land, 52% forest and the rest developed area (Johnson et al., 2007) . The elevation of the watershed ranges from 270 to 600 m (Johnson et al., 2007) . Year-roundmanure-fertilized pastures or hay fields takes up 15% of the watershed and row crop fields, which receive manure in April, May, October, or November, take up 17% of the watershed (Archibald, 2015) . We used water quality data accrued by the Community Science Institute (CSI, 2014) . We chose the three CSI monitoring sites with longest time series of E. coli data: Fall Creek at Freeville (FCF), Freese Road Bridge (FRB), and Cayuga Street Bridge (CSB) (Fig. 1) . FCF is 19 km from stream mouth and located immediately upstream of the confluence of Fall Creek and Virgil Creek (CSI, 2014) . FRB is 6 km from the stream mouth and located upstream of Cornell water treatment plant intake and downstream of eroding stream banks at Monkey Run Road (CSI, 2014) . The CSB is 1 km from stream mouth, which is close to the mouth without any lake backwater interference-and it is located downstream Ithaca, i.e., an urban area (CSI, 2014) .
Water quality data were obtained from the CSI (2014) database for period [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] . A total of 13 water quality analytes were selected for use in our analyses, including: E. coli concentration (colonies/ 100 mL), total coliform concentration (colonies/100 mL), alkalinity (mg CaCO 3 /L), chloride (mg/L), total hardness (mg CaCO 3 /L), pH, total Kjeldahl nitrogen (mg-N/L), nitrate-nitrite-nitrogen (as mg-N/L), soluble reactive phosphorus (μg-P/L), total phosphorus (μg-P/L), specific conductance (μS/cm), total suspended solids (mg/L), and turbidity (NTU). The CSI (2014) water quality samples were labeled either stormwater or baseflow. Stormwater originates directly from precipitation or melting snow while baseflow recharges from groundwater (Isensee et al., 1989) .
The instantaneous discharges at each of the three water sampling locations was estimated with the drainage-area ratio method, a standard method to estimate streamflow when discharge at a site is unavailable but discharge at a nearby site is available (Emerson et al., 2005) . Specifically, we scale the instantaneous discharge at USGS gauge (#04234000) (USGS, 2007 (USGS, , 2014 on Fall Creek with the drainage area corresponding to the other three water quality monitoring sites (Fig. 1 ).
Since about half of the water quality data points did not have water temperature, we used instantaneous air temperature instead. Both instantaneous air temperature and hourly precipitation data were from weather stations closest to the sampling sites ( Fig. 1) : mostly from Ithaca 13 E (I13E) and from one of the two weather stations associated with the Ithaca Tompkins Regional Airport (ITRA and ITR) when I13E was missing data (NOAA, 2014) . The seven day antecedent precipitations were acquired by summing up all the hourly precipitations in the 7 × 24 h preceding each water quality sampling time.
We eliminated the data on days that discharge or climate data were unavailable, and the final total number of samples was 102 over 10 years. The number of data points used was: n = 32 at FRB, n = 39 at CSB, and n = 34 at FCF. Three outliers of extremely high reported E. coli concentrations were excluded, because all the associated water quality analytes were not correspondingly extremely high or low.
Methodology
A total of 8 categorical variables and 17 continuous variables were used in the analyses (Table 1) . We performed a one-way ANOVA to see if there were any significantly different groups of data that should be treated separately in subsequent analyses. We also calculated Pearson correlation coefficients for comparison between E. coli (concentration and loading) and the other variables in order to provide basic information about correlations within the dataset. Since the water quality analytes, discharge and weather variables have different units, before PCA and PLS regression, each variable was centered to its mean and scaled by its standard deviation, i.e. autoscaled, according to Esbensen et al. (2002) .
MATLAB was used to run both the PLS regression and PCA. PCA was used to identify independent driving processes of the patterns of E. coli observed in the stream, and, further, to provide better understanding of the variation of E. coli level in the stream together with PLS regression.
In order to obtain the most important processes controlling the E. coli, we used as few variables as possible in the PCA. First, the four seasons were combined into one variable, Season (1 = winter, 2 = spring, 3 = fall, 4 = summer). Second, the spatial difference was neglected as the three sites were not far from each other and all located at lower reaches of the Fall Creek Watershed (Fig. 1) . Third, hardness and alkalinity were deleted, as they can be represented by pH; and turbidity was deleted as it can be represented by total suspended solids. Last, E. coli loading was not used, as it was the product of E. coli concentration and discharge.
Each principal component (PC) is a linear combination of all the input variables. We had a total of 14 variables in the PCA. Thus, each PC was a 14-dimensional vector. The PC coefficients for one PC are the coefficients of the linear combination. In other words, each PC is the correlation coefficient between one pair of variables and the PC. However, the p-values corresponding to the correlation coefficients could not be obtained. Therefore, we developed our own way to determine the significance of the correlations. We calculated the mean of the absolute values of the coefficients for each PC. Those variables whose PC coefficients were larger than the mean were regarded as significantly positively correlated with the corresponding PC; those variables whose principal component coefficients were smaller than negative mean were regarded as significantly negatively correlated with the corresponding PC; those variables whose PC coefficients were close to zero, i.e. between −0.05 and 0.05, were regarded as uncorrelated with the corresponding PC.
PLS regression uses Y matrix (dependent variables) as a starting point to iteratively find the optimal principal components (PCs) to project the X matrix (independent variables) and Y matrix interdependently (Esbensen et al., 2002) . In our case, the E. coli concentrations and E. coli loadings were the dependent variables, and all the other variables, except for concentration of total coliform, were regarded as independent variables. Note that fall is the default season category and FCF is the default site category. We used segmented cross validation (Esbensen et al., 2002) , i.e. dividing all the data points into segments, using one segment as the test set each time, until each segment having been test set once. A total of 13 segments were used for data collected under stormwater conditions and a total of 6 segments were used for data collected under baseflow conditions.
After trial and error, and comprehensively considering R 2 , adjusted R 2 , root mean square error of prediction (RMSEP) and residual (Esbensen et al., 2002) , we found that the models using the log of E. coli concentration and E. coli loading, and using the first seven principal components (sorted by the explained variance) provided the best results. In addition, independent variables were deleted from the corresponding model, if its regression coefficient was in the range of −0.002 to 0.002. In addition, we performed PLS regression using only the driving factors identified by PCA analysis and compared with the corresponding PLS regression model using all the variables.
Results

Basic information
A one-way ANOVA of instream E. coli level indicated that there were significant differences between the stormwater and baseflow conditions: stormwater conditions had significantly higher average E. coli concentrations, discharge, and E. coli loadings than the baseflow conditions ( Fig. 2a-c) . Whereas, the E. coli concentrations were not significantly different among the three sites (n = 31, 38 and 33; p = 0.71) (Fig. 2d) . Therefore, the total dataset was divided into two groups: stormwater and baseflow datasets. Note that for one-way ANOVA, the means used are arithmetic means, but for easier comparison with Vidon et al. (2008), we also calculated geometric means of the variables (Table 2) .
One-way ANOVA of all the continuous variables indicated that, except for chloride, nitrate-nitrite-nitrogen, air temperature, and seven day antecedent precipitation, all the other variables were significantly different between the two flow conditions (Table 2) . Alkalinity, total hardness, pH and specific conductance were significantly higher for baseflow conditions than in stormwater conditions. In contrast, total Kjeldahl nitrogen, total suspended solids, soluble reactive phosphorus, total coliform, total phosphorus and turbidity, in addition to the previously mentioned E. coli concentrations, discharge and E. coli loadings, were significantly higher for stormwater conditions relative to baseflow conditions. E. coli was a good indicator of total coliform under both baseflow and stormwater conditions (Tables 3 and 4) . We found that E. coli concentration and E. coli loading were significantly-correlated with the same variables (Table 3) . Most notably, neither of them was significantly correlated with any season or any sampling site, but both of them were significantly negatively correlated with baseflow (Table 3) . However, separating the data set into two subgroups-baseflow and stormwater provided more useful insights into the relationships between these variables (Table 4) . E. coli level (both concentration and loading) became correlated to summer and sampling sites, but not correlated to variables related to pH and seven day antecedent precipitation (Table 4) .
Principal component analysis (PCA)
The first three PCs explained 65% of the total variance (Table 5 ). The first principal component (PC1) explained nearly two fifth of the total variance (Table 5 ). E. coli concentration, total Kjeldahl nitrogen (N), total suspended solids (TSS), soluble reactive phosphorus (P), total P and discharge were significantly positively correlated with PC1; while baseflow and specific conductance were significantly negatively correlated with it (Table 5) .
The second principal component (PC2) explained about one fifth of the total variance (Table 5) . Only nitrate-nitrite-N was significantly positively correlated with PC2; while season, E. coli concentration, total Kjeldahl N, specific conductance and air temperature were significantly negatively correlated with it; and baseflow was nearly uncorrelated (Table 5) .
The third principal component (PC3) explained about one tenth of the total variance (Table 5 ). E. coli concentration, nitrate-nitrite-N, and seven day antecedent precipitation were significantly positively correlated with PC3; while chloride, total suspended solids, total P and discharge were significantly negatively correlated with it; and specific conductance and total Kjeldahl N were uncorrelated with it (Table 5) .
The rest principal components either explained less than 5% of the total variance or were not significantly correlated with E. coli.
Partial least squares (PLS) regression
Under stormwater conditions, the predicted vs. measured E. coli concentrations and loadings were close to 1:1 line, well-distributed over the whole range, and the residuals had no clear, systematic bias ( Fig. 3e-h ). In addition, the predicted E. coli concentrations / loadings had relatively large R 2 and adjusted R 2 values, and relatively small RMSEP (Fig. 3e, g ). In contrast, under baseflow conditions, it was hard to precisely predict either E. coli concentrations or loadings, as both of the models had relatively small R 2 and adjusted R 2 , relatively large RMSEP, and the residuals showed clear systematic patterns (Fig. 3a-d) .
The regression coefficients of the four PLS regression models were tabulated in Table 6 . Each dependent variable was predicted by linear regression consisting of all the independent variables and their corresponding regression coefficients, plus an intercept that was 0 for each of the four models in this study.
Additionally, the significance of fitting and regression coefficients of the PLS regression model using only driving factors identified by PCA are shown in Fig. S1 and Table S1, respectively.
Discussion
Data distribution compared to previous research
Our data were consistent with Vidon et al. (2008) in that baseflow had significantly higher pH and specific conductance compared to stormwater (Table 2) ; and had significantly lower turbidity, E. coli concentration, discharge and E. coli loading compared to stormwater ( Fig. 2 and Table 2) .
Under baseflow conditions, we had similar geometric means of pH and turbidity as those of Vidon et al. (2008) . However, compared to Vidon et al. (2008), we saw lower specific conductance and temperature, and had much lower E. coli concentration (10 to 20 fold) and much higher discharge (10 to 20 fold), resulting in similar E. coli loading (Table 2) .
Under stormwater conditions, we had similar geometric means of pH and turbidity as those of Vidon et al. (2008) . However, compared to (Vidon et al., 2008), we had lower specific conductance and temperature, and had much lower E. coli concentration (5 to 8 folds) and much higher discharge (10 to 20 folds), resulting in higher E. coli loading (Table 2) .
Interpretation of one-way ANOVA results and the Pearson correlation coefficients
Those variables that were significantly higher under baseflow conditions than under stormwater conditions (Table 2) were due to groundwater base-cation inputs and dilution of base-cations by stormwater. Whereas those variables that were significantly higher under stormwater conditions than under baseflow conditions (Table 2) , together with E. coli concentration and loading (Fig. 2) , suggested that the transport paths of organic N, sediments (represented by total suspended solids and turbidity), P, and coliform share common features with the transport paths of E. coli (i.e., surface/near-surface pathways). The findings that both E. coli concentrations and E. coli loadings were significantly lower under baseflow conditions compared to stormwater conditions (Fig. 2) and that the E. coli concentration and loading only showed spatial differences under baseflow conditions (Tables 3 and 4) were consistent with the findings of Vidon et al. (2008) . The only significant correlation related to season that we found was under baseflow conditions: E. coli concentration was significantly higher in summer (Tables 3 and 4) . In terms of correlations between E. coli (either E. coli concentration or E. coli loading, or both) and the continuous variables, our findings were consistent with Vidon et al. (2008), i.e., pH (pH, alkalinity, and hardness) were significantly correlated with E. coli level when combining all the data points (Table 3) , while not significantly correlated when the data were separated by flow conditions (Table 4) . And we also found that total Kjeldahl N and soluble reactive P were significantly correlated with E. coli (Tables 3 and 4 ). Contrary to Vidon et al. (2008) , who found that turbidity was not significantly correlated with E. coli level during high flow conditions, we found that sediment (total suspended solid, total P, and turbidity) was always significantly correlated with E. coli regardless of flow (Tables 3 and 4 ).
Interpretation of the meaning of the PCs from PCA results
When interpreting the PCA results, we followed the procedure: 1) interpreting the meaning of each PC from its coefficients, and 2) use the meaning of each PC to interpret its influence on instream E. coli level and other factors.
PC1
The negative correlation between PC1 and the baseflow variable (Table 5 ) meant that PC1 was positively correlated with stormwater. And under stormwater conditions, discharge should be higher, the variables related to sediment erosion and resuspension (total suspended solids and total phosphorus) should be higher compared to baseflow conditions. Whereas, under stormwater conditions, instream ions should be diluted, i.e. lower specific conductance. When the total P increased, the soluble reactive P increased accordingly, due to solubility equilibrium. And the increase of total Kjeldahl N, which consisted of ammonia and organic N, might due to the erosion of manure on the land surface or in the top soil. So, it is probable that PC1 appears to be the stormwater component.
As E. coli was found to be eroded from the top soil (Wang, 2015; Wang et al., 2017; Wang et al., 2018) and resuspended from the bottom of the stream together with sediments (Ferguson et al., 2003; Jamieson et al., 2005) , it was expected that E. coli concentrations were significantly positively correlated with PC1. As has been documented previously, E. coli concentrations were highly correlated with sediment concentrations and related variables, including total P (Gentry et al., 2006; Vidon et al., 2008) . According to previous findings (Wang, 2015; Wang et al., 2017; Wang et al., 2018) , one reason was that transport of E. coli and sediment can be explained by the same mechanisms, especially when stormwater dominates. The high correlation between the increase of E. coli level and the occurrence of storm and the increase of sediments (Table 5) was generally explained by surface erosion and the co-transport of E. coli both alone and bound to eroding sediments (Muirhead et al., 2006a; Oliver et al., 2005) . Surface erosion is a common process in agricultural lands, especially where no cover crops or conservation tillage are used. Therefore, it was expected to contribute to the largest PCA factor. Collins and Rutherford (2004) and Vidon et al. (2008) also found that at high flow, E. coli was transported by overland flow during precipitation.
PC2
When the air temperature was low, the microbial activity was low, leading to decreased denitrification and increased nitrate-nitrite-N (Wilhelm et al., 1994) . So, we speculate that PC2 was the temperature/season component. Tate (1995) reported that it was not freezing but thawing that killed the microbes. Therefore, the low microbial activity not only resulted from the low enzyme activity at low temperature, but could also result from freezing, or the dying off of microbes due to thawing. At low temperature, the growth rate of E. coli could not off-set the frozen and dying off rate. And the significantly negative correlation between season and PC2 (Table 5 ) further confirmed this: winter and spring were the times when freezing and thawing happens. The increase of discharge might due to snowmelt in spring, and the increased discharge diluted the stream water and led to decreased total Kjeldahl N and specific conductance.
Interestingly, the second largest driver of E. coli concentration appeared to be a seasonal influence on temperature and associated microbial activity. We are not the first who find the importance of season and temperature on E. coli. Vidon et al. (2008) found that winter/spring and summer/fall constituted two identifiably different conditions for E. coli. Brooks et al. (2013) found that variables related to season, like Julian date and month, affected E. coli, and that air temperature was important. Whitman et al. (2008) found that season was important, and, they also found that sunlight and snowmelt affected E. coli populations. Chen and Chang (2014) found that E. coli level was higher during summer when the temperature was suitable for E. coli survival and growth. However, we are the first who find that nitrate-nitrite-N, a previously ignored factor, is also a good E. coli indicator, as it indicates microbial activity, which generally follows seasonal and temperature trends.
PC3
The concurrence of large seven day antecedent precipitation and low discharge (Table 5 ) led us to propose that PC3 was the component of shallow subsurface flow, as antecedent precipitation controlled soil moisture and shallow subsurface flow (Takagi and Lin, 2011) . The significantly negative correlation of total suspended solids and total phosphorus with PC3 (Table 5 ) supports our inference, as the shallow subsurface flow imported water with low sediment concentration into the stream.
The significantly positive correlation of E. coli concentration, soluble reactive P and nitrate-nitrite-N with PC3 (Table 5 ) was explainable. The increase of shallow subsurface flow provided more liquid water in the soil, so that the saturation of the soil was increased. Therefore, those E. coli that previously had been strained by soil or adsorbed to soil had more chances to be remobilized (Wan and Wilson, 1994; Zhuang et al., 2007) ; and P that previously had been adsorbed to soil or had precipitated also had chances to be remobilized (Domagalski and Johnson, 2011; Harman et al., 1996) ; those newly produced nitrate-nitrite-N from other forms of N in the soil by mineralization and oxidation had more chances to get dissolved (Harman et al., 1996 ; Wilhelm et al., 1994). In addition, when the saturation of the soil increased, E. coli, dissolved soluble reactive P and dissolved nitrate-nitrite-N had more pathways to streams. In other words, when shallow subsurface flow increased, the dilution effect of increased soil water content was exceeded by the increased mobility through vadose zone for these three kinds of contaminants. Gentry et al. (2006) and Vidon et al. (2008) reported that the seven day antecedent precipitation was one of the best indicators of E. coli under baseflow conditions. However, to our knowledge, soluble reactive P is here correlated with E. coli for the first time. E. coli is prone to straining and sorption in soil (Oliver et al., 2005) and P is prone to sorption in soil (McGechan and Lewis, 2002) . So they shared similar transport pathways from soil through shallow subsurface flow into stream.
The significantly negative correlation of chloride with PC3 (Table 5 ) might due to continuous dilution by the antecedent rainfall, as rainwater has low chloride concentration.
Interpretation of the PLS regression results
For the PLS regression models using all the variables, both E. coli concentration and E. coli loading were more precisely predicted under stormwater conditions compared to baseflow conditions (Fig. 3) , i.e., we were good at predicting the most hazardous events. In effect, a large relative error in predicting small values was perhaps not relevant from a human health perspective.
Comparing the PLS regression model using only the driving factors identified by PCA (Fig. S1 ) with the above model (Fig. 3(e) and (f)), we see that 1) using all the variables achieved better RMSEP, however, 2) using only PCA-identified driving factors achieved better adjusted R 2 . Although it is, then, hard to identify the best model, it appears we were justified in using PCA to identify the primary driving factors and that PLS regression model using only these factors can provide good predictions.
Suggestions on management practices
Since stormwater was the largest driver for the E. coli, management practices that can reduce surface erosion may help mitigate E. coli pollution. First, avoiding applying manure on hydrological sensitive areas may reduce the probability of E. coli getting into surface runoff (Walter et al., 2000) . Second, covering the soil surface with vegetation or crop residue could reduce the erosion of E. coli on or near soil surface (Wang et al., 2018) . Third, applying vegetation buffer strips (Qi and Altinakar, 2011; Roodsari et al., 2005) on fields close to streams can filter E. coli in overland flow and largely prevent E. coli reaching streams by overland flow, the fastest pathway. Forth, since roadside ditches provide fast path for E. coli to reach streams (Falbo et al., 2013) , applying vegetation buffer strips on fields close to roadside ditches may also help. During summer, when the microbial activity is high, the plant growth is also high, which means that the vegetation buffer should have best effect at worst situation.
Conclusions
In conclusion, we identified two new variables (nitrate-nitrite-N and soluble reactive P) that can indicate the level of E. coli in a stream. We identified three important processes driving the E. coli fate and transport in a watershed (stormwater, temperature/season and shallow subsurface flow). We also demonstrated that the strategy of applying both PCA and PLS regression can provided a useful, complementary and relatively simple way for evaluating datasets with lots of collinearity, both temporal and spatial. The PCA suggested possible underlying biophysical mechanisms driving the variation of the stream water quality. PCA could not predict the actual concentrations / loadings; whereas, the PLS regression was useful, once the significantly different groups of data (stormwater and baseflow in this study) were separated, to create predictive equations of the actual concentrations / loadings.
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